Many successful functional studies by gene expression profiling in the literature have led to the perception that profile similarity is likely to imply functional association. But how true is the converse of the above statement? Do functionally associated genes tend to be co-regulated at the transcription level? In this paper, we focus on a set of wellvalidated yeast protein complexes provided by Munich Information Center for Protein Sequences (MIPS). Using four well-known large-scale microarray expression data sets, we computed the correlations between genes from the same complex. We then analyzed the relationship between the distribution of correlations and the complex size (the number of genes in a protein complex). We found that except for a few large protein complexes, such as mitochondrial ribosomal and cytoplasmic ribosomal proteins, the correlations are on the average not much higher than that from a pair of randomly selected genes. The global impact of large complexes on the expression of other genes in the genome is also studied. Our result also showed that the expression of over 85% of the genes are affected by six large complexes: the cytoplasmic ribosomal complex, mitochondrial ribosomal complex, proteasome complex, F0/F1 ATP synthase (complex V) (size 18), rRNA splicing (size 24) and H+-transporting ATPase, vacular (size 15).
INTRODUCTION
Microarray technology enables scientists to measure the expression levels of numerous genes simultaneously. Such high-throughput data sets have been a valuable resource in genome research. Many studies have been conducted to extract information from expression data, such as placing genes with similar expression profiles into the same cluster (1, 2) , identifying transitive genes from shortest path analysis (3) and constructing the functional module (4) . A central assumption involved in these studies is the relationship between expression profile similarity and functional association. Despite many successful applications reported in the literature, to what extent, the validity of this assumption has not been fully investigated however. To approach this problem, we focused on protein complexes in yeast, a set of well-validated functional groups obtained from the Munich Information Center for Protein Sequences (MIPS) catalog (5) .
We gathered four large-scale microarray data sets, Stanford cell-cycle data (2) , environmental stress data (6) , genetic recombination data (7) and gene deletionperturbation data (8) , and examined the correlation between genes from the same protein complex. The first question is if these within-complex correlations are higher than what would be expected for the correlations between genes that are not functionally associated. Second, the sizes of protein complexes vary greatly. Some complexes are formed by as small as two genes while other complexes can have more than 15 genes. We asked a simple question: is the strength of correlation in gene expression within a complex related with the size of the complex?
As it turns out, except for a few large protein complexes, such as the mitochondrial ribosomal proteins and the cytoplasmic ribosomal proteins, the degree of coexpression of genes from the same complex is on the average not much higher than that from a pair of randomly selected genes. We found this to be true for four wellknown large expression data sets that we examined closely.
For the large protein complexes that have higher within-complex co-expression, we investigated their influence on other genes in the entire genome. We obtained strong statistical evidence suggesting that a vast majority of genes are affected by the coherent expression of these large protein complexes.
MATERIALS AND METHODS

Expression data source
We analyze four publicly cDNA microarray expression data sets extensively in our study. The first data set is from Stanford's four cell-cycle experiments (2) . Excluding the genes with too many missing values, 5878 genes and 73 conditions are included in total. The second data set is yeast segregation data generated by Brem et al. (7) . In this data set, 6229 genes and 40 segregates with dye swap are included. The third data set we used is from Rosetta Compendium which contains 6280 genes and 300 expression profiles of yeast mutants (8) . The last genomic expression data set was originally collected to study expression patterns responding to diverse environmental changes (6) , which has 6152 genes and 173 samples.
Protein complex data source
The protein complexes were obtained from the Munich Information Center for Protein Sequences (5, 9) . MIPS complex catalog has tree-like structured data. To simplify the exploration of the relationship between different complexes, we excluded all 'parent' complexes with descendant complexes and used only the descendant complexes. In other words, we use the smallest indivisible units of protein complexes obtained from the MIPS complex catalog. A total of 201 protein complexes were included in our study.
Linear model
To study the influence of large protein complexes on the expression of other genes, a simple linear regression model is applied. Because the gene expression profiles within these protein complexes are tightly clustered, we used the mean expression profile as the consensus profile for each complex. The mean expression profile here means the average for each specific condition point in the expression profile. More precisely, suppose there are K genes in a complex whose expression are profiled for a total of 'd' conditions and are denoted by d-dimensional vectors g 1 , . . ., g K . Then the consensus profile is a d-dimensional vector C = (g 1 + Á Á Á + g K )/K. We regressed each gene profile in the genome against the consensus profile. Specifically, for each gene i and complex j,
where G i indicates the ith gene's expression profile and C j indicates the jth complex's expression consensus profile. The gene's expression level is said to be associated with a selected complex if this fitness of model is better than preselected criterion. Specifically, the criterion is determined as the follows:
(i) Randomly permute two gene expression levels, say g 1 and g 2 ; (ii) Use the permuted gene expression level to fit a simple linear regression model
; (iii) Assess and record the goodness of fit for the model.
Here, we use coefficient of determination or R 2 ;
(iv) Repeat all the procedures and collect all the R 2 for each iteration; and (v) Sort R 2 and calculate its 95th percentile, which is used as the threshold.
In other words, this criterion is chosen to guarantee its superiority to at least 95th percentile of permuted data. We applied this procedure to four different expression data sets for deciding the threshold for each data set.
Evaluation of significance
The results of the estimation of the linear model can help us assess if a protein complex may have any impact on the expression of a specific gene. A gene's expression level is said to be associated with a selected complex if the goodness of fit of the model is better than the prespecified criterion defined in the previous section. Following this procedure, we obtained the total number of genes in the genome whose expression levels can be explained by the consensus profile of a protein complex. Then we ask if this number, denoted by 'T', is significantly higher than what would be expected by pure chance, should there be no links between the consensus profile and the genome-wide expression profiles. To create the no-link situation by simulation, we conduct random permutation in the following way.
Suppose the microarray profiling is done under a total of d conditions labeled by 1, 2, . . . d. The output gene profiles for the entire genome of N genes can be represented by a matrix M of d columns and N rows, each row representing one gene expression profiles. The consensus profile of a given complex under study is a d-dimensional vector C = (c 1 , . . . c d )'. We now randomly permute the columns of M to break the link between the full genome profiles and the consensus profile. We then regress each row of the permuted matrix M on the consensus profile C to see if the fit is significant (R-squared better than pre-determined threshold). Because the link between C and the M is broken by randomization now, the significant fit is deemed as being obtained by pure chance. We recorded the number of significant rows, denoted by T r and compare it with the number T that we have at hand from the true data. We repeat the randomization n = 1000 times and record the proportion of times when T r ! T. This serves as the P-value for evaluating the significance of the observed number of genes associated to the given protein complex.
RESULTS
Expression analysis of protein pairs
In addition to the protein complexes in yeast, we also constructed a negative control set by gathering all proteins from different cellular components to form unrelated pairs as done in (10) . Protein localization provides important information for elucidating Eukaryotic protein function (11) . Presumably, proteins in different cellular components are less likely to interact with each other and the biological processes they participate are different in general. Thus, this negative set of unrelated pairs provides a contrast to the within-complex pairs of functionally related genes. To control the ill-effect of outliers in the data, we had conducted normal-score transformations for each gene's expression level in the data preprocessing step as was done in (12) .
We compute Pearson correlation for each pair, using four gene expression data sets. Distributions of correlations are plotted in the left panel of Figure 1 . We denote the protein pairs from different cellular components as unrelated pair (abbreviated as 'unrel') while the pairs within the same protein complex as related pair (abbreviated as 'rel'). The terms 'cc', 'yg', 'rst' and 'st1' represent four different data sets: cell cycle, segregation genetics, rosetta and stress data, respectively. In the left panel of Figure 1 , correlation distribution for protein complex pair is plotted using the solid line while correlation of protein pairs with different cellular localizations is plotted using the dash line.
As expected, the four curves which represent the results from unrelated pairs are seen to center around 0 symmetrically. This indicates the lack of coordinate expression overall for protein pairs from different cellular localizations. In contrast, the other four curves for withincomplex pairs are shifted to the right. In other words, this figure shows that within-complex pairs overall have significantly higher correlation than the unrelated protein pair. Unfortunately, this turns out to be a rather misleading impression.
Pattern of co-expression by complex size
The number of genes in a protein complex varies substantially, ranging from 2 to 81 in our data set. The right panel of Figure 1 depicts the comparison of correlation distribution for small complexes (size 14 or less) and that for large complexes (size 25 or more). The mode of the correlation distribution representing small complexes, in each of the four expression data sets, is now seen to shift back toward 0 substantially (from 0.169, 0.298, 0.082, 0.189 to 0.435, 0.827, 0.496, 0.898, respectively).
A possible explanation for the much reduced correlation in gene expression is that the transient type of interaction between proteins may be more common for smaller complexes. Such interactions tend to take place briefly only under very specific cellular conditions. Thus, even if there is a co-regulation at the gene expression level under specific conditions, such short-lived pattern of coordinate expression is harder to detect by statistical correlation which is formulated for depicting the global coordinate pattern across all conditions.
We conduct a more detailed study on how the correlation pattern depends on the size of a protein complex. For each complex of size n, we obtain the median of the n 2 ¼ nðn À 1Þ=2 correlations computed for each gene pair within the complex. Then the median correlations for complexes of the same size are put together and a boxplot is drawn to show the distribution by size; see Figure 2 (b).
To measure the significance of co-expression, we randomly permute the expression levels of gene pairs and compute its correlation. Then the significant level of correlation is determined from permuted correlation distribution. This procedure is carried out for each of the four expression data sets. The horizontal line is placed in Figure 2 (b) to indicate 95% significant level obtained from permutation. To determine if the co-expression level for protein complexes is higher compared to the co-expression level of any random gene pairs 95% significant level is used as a threshold. Thus, for each step, we simply generate the expression profiles for gene pair and calculate its correlation. Repeat this procedure 10 000 times and then the 95th percentile from the simulated correlation distribution is found to be 95% significant threshold in this analysis.
Ribosome
The largest four complexes are mitochondrial ribosomal small subunit (size 31), mitochondrial ribosomal large subunit (size 44), cytoplasmic ribosomal small subunit (size 57) and cytoplasmic ribosomal large subunit (size 81), all showing very strong within-complex co-regulation. We further examined the correlation for the gene pair between complexes. We found that the two cytoplasmic ribosome complexes have very high cross-complex correlation and so do the two mitochondria complexes ( Figure S1 , Supplementary Data).
rRNA splicing (size 24)
This complex also has high within-complex correlation in gene expression. Because rRNA and the ribosome proteins are both critical components of the translation machinery, we may speculate a likely co-regulation between rRNA splicing complex and any of the ribosomal complexes in expression. However, the results between rRNA splicing complex and mitochondrial ribosomal complex are negative ( Figure S2 , Supplementary Data).
Complexes of size 18 and size 15
There are two complexes size 18: 19/22S regulator complex and F0/F1 ATP synthase complex. Both have very high within-complex co-expression patterns.
There are three complexes with size 15: SAGA complex, 20S proteasome, and H+-transporting ATPase vacular complex. A closer inspection shows that the correlation for gene pairs from SAGA complex is not as strong as those from the other two complexes.
We noticed that the highly co-expressed genes in 20S proteasome complex of size 15 have high cross-complex correlation with genes from the 19/22S regulator complex of size 18. According to protein complex catalog in MIPS, these two protein complexes form the 26S proteasome complex (of size 36) along with three additional proteins RPN4, DOA4 and YTA7. However, the expression profiles of RPN4, DOA4 and YTA7 are not correlated to these two complexes at all (Figure S3M Supplementary  Data) .
From our discussion, we may conclude that complexes with larger size are more likely to have co-expressed genes. Our findings are in line with the results of transient/permanent complex partition (10) . This suggests that the complex size is an important confounding factor of strength of co-expression and we have to take more caution when using the approach of 'guilt by association'.
Highly co-regulated large complexes
By combining the co-regulated complexs discussed above, we end up with six large complexes: mitochondrial ribosomal unit (size 31 + 44), cytoplasmic ribosomal unit (size 57 + 81), proteasome complex (size 18 + 15), F0/F1 ATP synthase (complex V) (size 18), rRNA splicing (size 24) and H+-transporting ATPase, vacuolar complex (size 15) ( Table 1) .
Co-regulation between complexes
The mean profile is used to represent the consensus profile for each complex. From the correlation matrix between the consensus profiles of complexes in Table A1 shown in Supplementary Data, we found strong correlation between mitochondrial ribosomal complex, ATP synthase complex and proteasome complex. Strong co-expression is also observed among cytoplasmic ribosomal complex, rRNA splicing complex and H+-transporting complex. The correlation between rRNA splicing and mitochondrial-group protein complexes and that between ATP synthase complex and cytoplasmic-group protein complexes are mild. However, there is no correlation between cytoplasmic ribosomal complex and mitochondrial ribosomal complex. We may put these six complexes into two classes: one consisted of cytoplasmic ribosomal complex, rRNA splicing complex and H+-transporting complex; the other consisted of mitochondrial ribosomal complex, ATP synthase complex and proteasome complex.
Impact on other genes
Proteins in the same complex carry out biological processes together. Treating a group of associated proteins as a functional modular, we are interested in how well the regulatory activities of genes can be explained by the identified large and highly co-expressed complexes. We applied a simple linear regression to study the influence of protein complexes on the expression of other genes. A gene's expression level is said to be associated with a complex if its goodness of fit for the model is better than the preselected criterion. The results recording the number of genes significantly impacted by the identified protein complex are shown in Table 2 Table 2 shows the number of genes associated with each complex (given in the diagonal cells) and with two complexes (given in the off-diagonal cells). The number in the parenthesis is the P-value obtained from simulation. The detail information is shown in 'Materials and methods' section. Take the cell-cycle data for example. There are 2373 genes whose expression profiles are associated with mitochondrial ribosome complex and the P-value is.026. The number of genes associated with both the proteasome complex and mitochondrial complex is 1901.
The cytoplasmic ribosomal complex appears to have the largest number of expression-associated genes across four different data sets. It is followed by rRNA splicing complex. The numbers of genes associated with the rRNA splicing and the cytoplasmic complex, especially in the yeast genetic and stress data, are also very large. This observation is consistent with the high correlation between the consensus profiles of these two complexes.
To summarize, the expression profiles of 5085 (86.5%), 5992 (96.2%), 6213 (98.9%) and 6072 (98.9%) genes are related to at least one of the six large and coherently expressed protein complexes in the cell cycle, segregation, rosetta and stress data set, respectively. This well illustrates how extensive the impact of these six selected complexes is in many biological processes. Specifically, using cell-cycle data set, we identified 2373 genes related to mitochondrial ribosomal complex. Among these genes, we conducted gene set enrichment analysis on Gene Ontology and found that many enriched gene ontology terminology are related to mitochondria. For example, we observed the enriched term such as protein folding (P-value = 0.00031), mitochondrion organization (8.74E-12), aerobic respiration (1.53E-8), mitochondrial transport (1.33E-6), mitochondrial transport (1.33E-6), protein targeting to mitochondrion (2.50E-5).
DISCUSSION
Biological processes are regulated or carried out by groups of molecules usually referred to as functional modules. Analyzing different functional module separately may obscure the complexity of cellular machinery. To shed some light on this issue, we have explored the multiprotein complexes by integrating data from mRNA microarray expression, protein localization and protein complex information.
To study the relationship between expression profile similarity and functional association, some authors have reported co-expression modules that had enrichment in rRNA processing, protein synthesis and the ubiquitin pathway gene ontology terms (13) . However, in the data we investigated, not all proteins from the same protein complex exhibit common co-expression patterns. Our results indicate that the correlation in the expression profiles of proteins from the same complex is stronger for larger-sized complexes while for complexes of small sizes, it varies a lot.
Some large complexes are found to be lack of the co-expression patterns shown in the six large and coherently-expressed complexes we identified. These complexes may have more complicated expression structure.
For example, they may be decomposed into subgroups of genes within which the expression patterns are similar. Specifically, we consider the replication protein complex as an example. The replication protein complex has 20 proteins in the complex. The average of the within complex correlations is only 0.115 in cell-cycle data. The values in other datasets are also low. We applied the centroid hierarchical clustering method to these 20 expression profiles. A clear co-expression pattern was observed among subgroup of replication protein complex. The clustering result is shown in Figure 3 .
From Figure 3 , we can see that replication protein complex can be divided into three subclusters. One group (abbreviated as MCM-group) is MCM2, MCM3, MCM4 (CDC54), MCM5 (CDC46), MCM6, MCM7 (CDC47), another group (abbreviated as ORC-group) is ORC1, ORC2, ORC3, ORC4, ORC5, ORC6 and the remaining genes, DPB11, DPB3, HYS2, CDC2, POL32, CDC45, DPB2 and POL2, form the third group. The average of the within-group correlations between the expression profiles of genes from the same group is 0.633, 0.173 and 0.448 for MCM-group, others-group and ORCgroup, respectively. However, the correlations for gene pairs from different groups is low. For example, the average is -0.054 in the correlation between genes in MCMgroup and genes in ORC-group. This example well illustrates the existence of subcluster in replication protein complex can lower the overall correlations between genes in a complex. This finding is actually supported by other research results such as references 14 and 15 or documents on Saccharomyces Genome Database (SGD and its URL is http://www.yeastgenome.org). The origin recognition complex (ORC-group) is essential for MCM binding to chromatin (14) and permits the loading of other replication factors onto origin DNA (15) . The minichromosome maintenance proteins (MCM-group or MCM2-7 family) is involved in the initiation of DNA replication.
Another large complex in Figure 2 (b) has poor correlation. This complex of size 21 represents Kornberg's mediator (SRB) complex. The insignificance of the overall correlations may be due to the more complex gene regulatory mechanism. For example, although this complex was assigned as a terminal node according to the curated information by MIPS, In 1998, Lee and Kim (16) pointed out that the mediator can be dissociated into two stable subcomplexes, the Rgr1-containing subcomplex and the Med6-containing subcomplex.
In this study, we have investigated the protein complex by analyzing the correlation structure of their protein member. Alternatively, one of the reviewers suggested considering the 'density' of co-expression network used in the co-expression network (17) . By the 'density' of coexpression, these network researchers consider absolute value of correlation rather than correlation itself. Following this alternative measure of co-expression for each complex, we carried out the same analysis as in Figure 2 (b) and reported the results in Figure S4 . As expected, Figure 2 (b) and Figure S4 appeared similar to each other and we did not find noticeable differences between the absolute values of correlations and the direct correlation. One reason may be because in our protein complex study, genes tend to be positively co-regulated within one complex (especially if complexes are structural, rather than regulatory) in order to function coherently. This is an important aspect about protein complexes, which is somewhat different from pathway studies where genes could be regulated in a compensated manner to serve as feedback control, thus generating possible negative correlations.
Characterization of protein interaction is an important issue from many aspects, such as drug design. In our study, we have studied known protein complexes by integrating independent but related data. This integrative study has uncovered the size effect of protein complex which may work differ spatially or temporally. It provides a new perspective on the study of protein complex or more general protein-protein interactions. Additionally, our study may also provide insights to study co-regulation between complexes and the construction of the eigengene networks (18) .
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